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Individual treatment effect 
estimation in the presence 
of unobserved confounding using 
proxies: a cohort study in stage III 
non‑small cell lung cancer
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Gijs A. Bartholomeus1, Aahlad Manas Puli3, Pim A. de Jong1, Tim Leiner1, 
Anne S. R. van Lindert1, Marinus J. C. Eijkemans1 & Rajesh Ranganath3,4

Randomized Controlled Trials (RCT) are the gold standard for estimating treatment effects but some 
important situations in cancer care require treatment effect estimates from observational data. We 
developed “Proxy based individual treatment effect modeling in cancer” (PROTECT) to estimate 
treatment effects from observational data when there are unobserved confounders, but proxy 
measurements of these confounders exist. We identified an unobserved confounder in observational 
cancer research: overall fitness. Proxy measurements of overall fitness exist like performance 
score, but the fitness as observed by the treating physician is unavailable for research. PROTECT 
reconstructs the distribution of the unobserved confounder based on these proxy measurements 
to estimate the treatment effect. PROTECT was applied to an observational cohort of 504 stage III 
non‑small cell lung cancer (NSCLC) patients, treated with concurrent chemoradiation or sequential 
chemoradiation. Whereas conventional confounding adjustment methods seemed to overestimate 
the treatment effect, PROTECT provided credible treatment effect estimates.

Abbreviations
RCT   Randomized controlled trial
PROTECT  Proxy based individual treatment effect modeling in cancer
NSCLC  Non-small cell lung cancer
DAG  Directed Acyclic Graph

Randomized controlled trials (RCT) are the gold standard for estimating treatment effects but there are impor-
tant situations in cancer care where treatment effect estimates from observational data are needed. First, study 
participants of cancer RCTs are generally younger and in better overall health when compared to the real-world 
 population1–3. Therefore, RCTs provide no direct evidence for applying the treatments in older and weaker 
patients, as these parts of the population are not covered by the trials. The effect of a treatment in these subpopu-
lations could be estimated in observational data to investigate whether a RCT with extended inclusion criteria is 
indicated. Second, there is a constant research effort to discover new predictive biomarkers. Predictive biomarkers 
reveal parts of the biological behavior of the tumor that are related to the treatment effect and can be used to select 
the optimal treatment for a  patient4. Before RCTs with new predictive biomarkers can be conducted, preliminary 
evidence on their association with the treatment effect is needed based on observational data.

Estimating treatment effects in observational data requires knowing what the confounders are of the treat-
ment–outcome relationship. In cancer care, the most effective treatment is often also the most intensive treatment. 
The overall fitness of a patient determines what treatment intensity they can endure. Therefore, overall fitness is 
the central confounder. The treating physician will form an implicit assessment of overall fitness that is partly 
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based on the subjective impression of a patient. As there is no record of this implicit assessment, traditional 
confounding adjustment methods cannot be used. However, proxy measurements of fitness are available, such as 
performance score. We developed a method named ‘Proxy based individual treatment effect modeling in cancer’ 
(PROTECT). PROTECT uses proxy measurements of fitness to reconstruct the distribution of the unobserved 
confounder and to adjust the treatment effect with this reconstructed confounder. In addition to modeling the 
confounder, PROTECT allows for incorporation of biomarkers of the biological behavior of the tumor. These 
biomarkers together with the patient overall fitness are used to predict the individual treatment effect.

We apply PROTECT to stage III Non-Small Cell Lung Cancer (NSCLC). Newly diagnosed patients with stage 
III NSCLC have two curative treatment options: concurrent chemotherapy and radiotherapy, or sequential treat-
ment with chemotherapy followed by  radiotherapy5. According to the meta-analysis of RCTs by Aupèrin et al., 
concurrent treatment leads to better overall survival (hazard ratio, 0.84; 95% confidence interval 0.74–0.95)6. 
Concurrent treatment is more intensive and has a higher risk of severe  toxicity6. Treatment guidelines recom-
mend to give sequential treatment to patients with lower overall  fitness5,7. These patients are more likely to 
experience treatment toxicity under concurrent chemoradiation that would require adjustment or cessation of 
the treatment. This suggests that the survival benefit of concurrent treatment is absent or reversed in patients 
who are in lower overall fitness. As the real-world population contains older and weaker patients than the RCTs, 
an important question is whether the average treatment effect estimate from the RCTs is valid in the real-world 
population, and whether this average treatment effect applies to all patient subgroups.

In this study we present PROTECT as a method for estimating both the average treatment effect and indi-
vidual treatment effects in real-world cancer populations from observational data. The method is applied to a 
multi-center observational cohort of stage III NSCLC patients, comparing concurrent chemoradiation with 
sequential chemoradiation.

Results
PROTECT. The objective of PROTECT is to estimate treatment effects from observational data. This requires 
knowing what the confounders are of the treatment–outcome relationship. In multiple discussion rounds with 
experts in oncology, thoracic oncology, radiotherapy, radiology, causal inference, statistics and epidemiology, we 
identified the confounders of the treatment–outcome relationship in cancer.

Patients who are in good overall health will more often be prescribed the most intensive and effective treat-
ments as they can tolerate these treatments better than patients with lower overall fitness. Patients with better 
overall fitness also have better outcomes regardless of their treatment. This means that the overall fitness of a 
patient is a confounder of the treatment–outcome relationship. A treating physician will form an implicit assess-
ment of the overall fitness of a patient that is partly based on a subjective impression of the patient. As there is 
no record of this implicit assessment of fitness, for the purpose of research this confounder is unobserved. Only 
the patient characteristics like performance score and age are available.

In addition to the overall fitness of a patient and the treatment they receive, an important factor for the varia-
tion in patient outcomes is the biological behavior of the tumor. There are different biomarkers of tumor behav-
ior that are known in the clinical process, like histologic subtype or intra-tumor genetic  heterogeneity8. These 
biomarkers are related to prognosis and/or the treatment effect. Tumor behavior is fundamentally unobservable 
in the sense that neither the physician nor the researcher observe this behavior fully. Only the biomarkers are 
available.

Patient fitness and tumor behavior are thus two unobserved variables that induce relationships between the 
observed patient characteristics, the biomarkers, the treatment decision and the outcome. The causal relationships 
between these variables are represented in a causal directed acyclic graph (DAG), shown in Fig. 1. For different 
cancer settings, different markers of patient fitness and tumor behavior may be relevant. Filling in application 
specific variables in the DAG is the first step of the PROTECT method. It could be that multiple choices for sets 
of variables are possible for a specific application. As explained in the appendix (section methods, estimation 
in a marginalized DAG), the PROTECT average treatment effect estimate is insensitive to the specific choice of 
variables.

From the DAG to treatment effect estimation. Having established a DAG for observational cancer 
research, the question is if and how the treatment effect can be estimated from observational data. To answer 
this, we use Pearl’s Structural Causal Models  framework9. The presence of the unobserved confounder overall 
fitness implies estimates of the treatment effect by direct conditioning on the observed variables (e.g. through 
multivariable regression or propensity score-based reweighting) would be incorrect as the back-door criterion 
is not  fulfilled9–13. This does not rule out the possibility to estimate the treatment effect. Several methods exist 
for estimating treatment effects when there are proxy variables of unobserved confounders. Proxy variables are 
variables that are caused by the confounder, but do not causally influence the treatment decision and the out-
come. Performance score is an example of a proxy variable for the confounder overall fitness, as performance 
score depends on fitness but does not cause overall survival or the treatment decision directly. One class of proxy 
methods relies on bridge  functions12,14–17. These methods leverage information from proxy measurements to 
reconstruct a bridge function that is sufficient for treatment effect estimation. To know if such a function can 
be estimated from the observed variables, these methods require additional assumptions. A frequently required 
assumption is that all variables are  discrete12,14,17, which is an unnatural assumption for the confounder overall 
fitness, or that all variables are  continuous12,14, which is rarely the case in medical research. More flexible bridge 
function methods exist but these methods require complicated estimation procedures that require large sample 
sizes, which makes these methods unsuitable for many medical  applications15.
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An alternative approach is by estimating the joint distribution of the observed variables and the unobserved 
variables, using only the observed  variables18. When sufficient information on the data generating process is 
available, this joint distribution can be estimated by modeling the data generative process directly. With this 
approach, each variable in the DAG is associated with an explicit structural equation that depends on the direct 
cause variables of this variable and random noise. If the joint distribution can be estimated, the treatment effect 
can still be calculated because the back-door adjustment formula can be applied using the estimated distributions 
of the outcome given treatment and fitness, and fitness given the cause variables and proxy variables of  fitness9,18.

Both proxy-based approaches require assumptions in addition to the DAG. These assumptions should be 
based on background knowledge. Background knowledge naturally comes in the form of parts of the data gen-
erating process. Modeling the data generating process directly thus makes formulating the right assumptions 
easier for clinicians and researchers. Moreover, it makes it more accessible for readers to assess the validity of 
the made assumptions. One example of such an assumption is the statement that performance score should be 
better for patients with higher overall fitness. This assumption can be expressed as a monotonicity restriction 
in the structural equation for performance score and helps estimating the joint distribution of observed and 
unobserved variables and thus the treatment effect. In PROTECT, the joint distribution is estimated by specifying 
parametric forms for all the structural equations. If the parameters for the structural equations can be uniquely 
estimated from the observed data, the treatment effect can be estimated despite the unobserved confounder (see 
also appendix, section methods, treatment effect estimation). Translating background knowledge into specified 
parametric distributions for the observed and unobserved variables in the DAG thus forms the second step of 
PROTECT.

Model selection. It is possible that multiple choices for distributions are compatible with the available back-
ground knowledge for a specific research question. To reduce dependence of the treatment effect estimate on the 
specific choices for distributions, we introduce a data-driven model selection procedure. The model selection 
procedure is motivated by the fact that in the DAG, the unobserved variable overall fitness induces correlations 
between the proxy variables, treatment and outcome. The procedure uses cross-validation to verify whether 
these correlations are present in an estimated model by comparing the model predictions for one of the effect 
variables of fitness (proxies, treatment or outcome) with regression models based on only the direct causes of this 
variable, excluding fitness. If multiple models are selected in this step, they can be combined using a Bayesian 
model average. The appendix (section methods, model selection) contains a detailed report of this model selec-
tion procedure. After selection and estimation of the final model, the individual treatment effect is calculated 
as the difference in the expected outcome under the different treatments for each patient, conditional on their 
observed pre-treatment characteristics.

Computation. Once the parametric distributions are fully specified, the posterior distribution over the 
parameters for the structural equations can be estimated using Markov chain Monte Carlo (MCMC) sampling. 
We implemented PROTECT using state-of-the art inference techniques. Specifically we employ the No-U-Turn 
Hamiltonian Monte  Carlo19 implementation from the NumPyro  package20, as NumPyro has  JAX21 as a back-
end, enabling parallelized GPU-accelerated MCMC sampling. The code that implements PROTECT will be 
made freely available at https:// www. github. com/ vanam sterd am/ prote ct.

Figure 1.  The behavior-fitness causal Directed Acyclic Graph (DAG) scaffold for cancer treatment decisions. 
Circles indicate variables, grey-shaded variables are unobserved. Arrows point from a cause variable to an 
effect variable. Tumor behavior and patient fitness are unobserved variables that induce correlations between 
the observed variables. The definition of the treatment variable and potentially the outcome variable vary per 
cancer setting. Depending on the specific situation, relevant additional cause variables and effect variables for 
tumor behavior and patient fitness should be selected. Estimating the effect of the treatment on the outcome 
(potentially conditional on the other variables in the DAG) is the target application of PROTECT. The presence 
of the unobserved confounder fitness implies that conventional confounding adjustment methods cannot be 
used to estimate treatment effects from observational data, whereas the proposed method PROTECT can. 
Filling in additional proxies and causes of tumor behavior and patient fitness in this DAG is the first step of 
PROTECT. PROTECT proxy based individual treatment effect modeling in cancer.

https://www.github.com/vanamsterdam/protect
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Application to stage III NSCLC. We now apply PROTECT to stage III NSCLC patients to estimate the 
relative effect of concurrent chemoradiation versus sequential chemoradiation on overall survival measured 
from the day of the treatment decision.

PROTECT step 1: definition of proxy variables and cause variables. In multiple discussion rounds 
with experts in pulmonary oncology, radiation oncology and radiology, the relevant proxy variables and cause 
variables for stage III NSCLC were selected. The additional variables included in the stage III NSCLC DAG are 
weight loss and estimated glomerular filtration rate (eGFR). Weight loss is an important proxy of tumor behav-
ior, as patients with aggressive tumors tend to lose more weight due to the high disease burden. Renal function is 
an additional proxy variable for overall fitness in stage III NSCLC. The DAG is presented in Fig. 2.

PROTECT step 2 and 3: specification of distributions and model selection. We parameterized 
the joint distribution of observed variables and unobserved variables by specifying linear models for all struc-
tural equations indicated by the DAG, with link functions and error distributions as appropriate (i.e. linear 
regression for continuous variables, logistic regression for binary variables, a linear proportional hazards model 
for  survival22). To estimate individual treatment effects, the model for survival was augmented with treatment–
covariate interaction terms. Details on the exact formulation of the model variants entered in the model selec-
tion procedure are presented in the appendix (section methods, pre-processing, parametric models and priors).

Study population. We identified 844 patients with 864 episodes of stage III NSCLC in 9 hospitals in the 
Utrecht region, the Netherlands, treated between 2009 and 2018. A total of 360 episodes were excluded based 
on the following exclusion criteria (more than one criterion can apply to an episode): the primary treatment 
plan had palliative intent (N = 140), the primary treatment plan included surgery (N = 49), the presence of a 
concurrent other tumor, including a second NSCLC (N = 35), local re-irradiation for the recurrence of an earlier 
episode (N = 9), Pancoast tumor (N = 9), having a second episode of stage III NSCLC (N = 8, only the second epi-
sode was excluded from the analysis), receiving radiotherapy in a different hospital (N = 3), chemotherapy and 
radiotherapy in reversed order to prevent spinal canal invasion (N = 3), emigration (N = 1). Finally, 123 patients 
were excluded due to a missing value for weight loss.

The mean age of the 504 included patients was 64.9 (range 37–86), of which 300 (59.5%) were male. Substage 
IIIA accounted for 268 of the cases (53%). We observed 141 deaths in 224 patients who underwent concurrent 
chemoradiation (632 patient years) and 214 deaths in 280 patients who underwent sequential chemoradiation 
(603 patient years). Compared with the study population from the meta-analysis of  RCTs6, our patients were 
older (median, 61.7 vs 66) and had worse performance scores (ECOG of 2 or greater: 1% vs 10%). In the appen-
dix (section “Results”, supplemental Tables S1) a table with an extensive comparison is presented. The start of 
follow-up was imputed for 12.3% of the patients. The median survival time was 1.87 years, the median follow-up 
time for patients who were censored was 3.80 years. The last date of follow-up was February 6th, 2020. Patient 
characteristics are summarized in Table 1.

Treatment effect estimation. Overall survival was significantly better for patients with concurrent 
chemoradiation compared to sequential chemoradiation (hazard ratio, 0.66; 95% confidence interval 0.53–0.82). 
When estimating the treatment effect with multivariable Cox-regression, adjusting for age, histology, weight 
loss, clinical substage, performance score and eGFR, concurrent treatment had a favorable survival (hazard ratio, 
0.81; 95% confidence interval 0.60–1.09). This treatment effect estimate is more extreme than the effect reported 
in the meta-analysis of  RCTs6 and possibly affected by residual confounding bias. In contrast, the average treat-

Figure 2.  Causal Directed Acyclic Graph (DAG) with the variables involved in the treatment selection process 
and overall survival for stage III non-small cell lung cancer patients. Circles indicate variables, shaded variables 
are unobserved. Arrows point from a cause variable to an effect variable. This DAG is a direct extension of 
the behavior-fitness DAG scaffold from the PROTECT method in Fig. 1. PROTECT proxy based individual 
treatment effect modeling in cancer, eGFR estimated glomerular filtration rate.
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Table 1.  Baseline characteristics stratified by chemoradiation type: concurrent chemoradiation or sequential 
chemoradiation. Weight loss is defined as weight loss over 3% of the original weight over the six months 
preceding the start of follow-up. ECOG PS Eastern Cooperative Oncology Group performance score, SD 
standard deviation, eGFR estimated glomerular filtration rate.

Concurrent Sequential

n 224 280

Age (mean (SD)) 61.21 (9.25) 67.83 (8.95)

Substage (%)

IIIA 141 (62.9) 127 (45.4)

IIIB 81 (36.2) 151 (53.9)

IIIC 0 (0.0) 2 (0.7)

Missing 2 (0.9) 0 (0.0)

Weight loss > 3% (%) 99 (44.2) 127 (45.4)

ECOG PS (%)

0 139 (62.1) 119 (42.5)

1 67 (29.9) 107 (38.2)

2 6 (2.7) 43 (15.4)

3 1 (0.4) 1 (0.4)

Missing 11 (4.9) 10 (3.6)

eGFR (%)

< 60 ml/min/1.73m2 11 (4.9) 26 (9.3)

≥ 60 ml/min/1.73m2 175 (78.1) 163 (58.2)

Missing 38 (17.0) 91 (32.5)

Histology (%)

Adeno carcinoma 107 (47.8) 93 (33.2)

Squamous cell carcinoma 61 (27.2) 133 (47.5)

Other 47 (21.0) 42 (15.0)

Missing 9 (4.0) 12 (4.3)

Deceased during follow-up (%) 141 (62.9) 214 (76.4)

Male sex (%) 130 (58.0) 170 (60.7)

Figure 3.  Overview of treatment effects estimated with different methods. The dashed vertical reference line 
indicates the null effect (hazard ratio of 1), the dotted reference line indicates the point estimate of the meta-
analysis of RCTs by Aupérin et al.6. IPW inverse-probability of treatment weighted Cox-proportional hazards 
model. PROTECT proxy based individual treatment effect modeling in cancer, CI confidence interval, for 
PROTECT credible interval; RCT  randomized controlled trial.
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ment effect estimated using PROTECT showed no benefit of concurrent over sequential treatment on average 
in our population (hazard ratio, 1.01; 95% credible interval 0.68–1.53). An overview of the treatment effects is 
presented in Fig. 3.

Treatment effect modification and individual treatment recommendations. According to the 
PROTECT individual treatment effect model estimate, the following variables were associated with a reduced 
effectiveness of concurrent treatment: clinical substage IIIB and IIIC, the presence of weight loss and adeno-
carcinoma histologic subtype. Age, ECOG performance score and eGFR were not related to treatment efficacy. 
Treatment effect modifications per variable are presented in Fig. 4.

For each patient PROTECT predicted the probability that concurrent treatment would lead to improved 
expected survival compared with sequential treatment, based on the pre-treatment variables. For 274 out of 504 
patients (54.4%) this probability was greater than 50%. See Fig. 5 for an overview of the predicted treatment 
benefit expressed as a hazard ratio per patient.

As an additional model check, we investigated whether patients with lower estimated overall fitness were 
more likely to discontinue treatment due to side-effects or disease progression. After estimating patient fitness 
based on pre-treatment variables, we observed that in patients who underwent concurrent chemoradiation, a 
lower estimated fitness was associated with a higher probability of discontinuing the original treatment plan 
after the initiation of treatment (area under the curve of the receiver operating characteristic (AUC), 0.61; 95% 
confidence interval 0.55–0.68).

Sampling diagnostics and model fit. We assessed the convergence of the MCMC chains and inspected 
the possible existence of multiple posterior modes that would prohibit the identification of the joint distribution 
and thus the treatment effect. The maximum Gelman-Rubin r-hat statistic across all parameters was 1.002 and 
the posterior density plots were unimodal. Given the large number of independent  chains16 (16 chains) and the 
number of samples per chain (7500 samples following 2500 warm-up samples) it is unlikely that other posterior 
modes exist. As outlined earlier, a unimodal posterior distribution implies identification of the treatment effect 
given the observed data and the modeling assumptions, despite the unobserved confounder. There were 231 
divergent transitions in 120,000 samples (0.2%), after inspection of parameter trace plots these were deemed 
false positives.

Figure 4.  Differences in estimated treatment effect compared to the average treatment effect for a one unit 
increase per variable. A unit increase means switching from ‘no’ to ‘yes’ for binary variables, and a 1 standard 
deviation increase from the mean for continuous variables (age). These are step-function versions of the partial 
dependence functions as described by  Friedman23. ‘other vs adeno’ indicates the effect modification of other 
histology type compared to adenocarcinoma. ‘squamous vs adeno’ indicates the effect modification of squamous 
cell carcinoma compared to adenocarcinoma. CI credible interval, eGFR estimated glomerular filtration rate, 
ECOG Eastern Cooperative Oncology Group performance score, IIIB clinical stage IIIB or IIIC, IIIA clinical 
stage IIIA, weight loss is defined as weight loss over 3% of the original weight over the six months preceding the 
start of follow-up.
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The concordance index for overall survival predictions based on pre-treatment variables and the given treat-
ment was 0.59 (95% confidence interval 0.56–0.62). The AUC for predicting the treatment decision based on 
pre-treatment variables was 0.76 (95% confidence interval 0.72–0.80).

Sensitivity analyses. We performed three sensitivity analyses of the average treatment effect estimate. The 
appendix (section “Sensitivity analyses”) contains additional details on the justification, methods and results of 
these analyses.

First, we assessed the sensitivity of the average treatment effect estimate to an unmodeled confounder by re-
estimating the model with an additional unobserved confounder with a known relationship with treatment and 
survival. We used several combinations of values for the association between this extra unobserved confounder 
and treatment and survival. We found that this confounder had to have a confounding strength that was more 
than half as strong as the modeled unobserved fitness, but opposite in sign with respect to survival, to drive the 
point estimate of the average treatment effect to a value more extreme than the treatment effect estimate from 
the RCTs.

Secondly, we assessed the potential bias induced by non-random missing values in weight loss. It is possible 
that weight loss is more often recorded in the EHR when pronounced weight loss is present. For this specific 
missingness pattern, treatment effect estimation using the complete cases is unbiased, while imputation may lead 
to  bias24. This is why we excluded patients with a missing value of weight loss. As weight loss may be related to 
treatment efficacy and the true prevalence of weight loss is unknown due to the missing data, we recalculated the 
average treatment effect for several hypothetical values of the prevalence of weight loss by reweighting patients 
according to their weight loss. In the most extreme hypothetical case where weight loss was always observed 
if it was present, the average treatment effect estimate (hazard ratio, 1.01; 95% credible interval 0.65–1.53) was 
very close to the other extreme case where weight loss was missing completely at random (hazard ratio, 1.03; 
95% credible interval, 0.71–1.68).

Finally, we calculated what the estimated average treatment effect would be when restricting the analysis to a 
subsample of the cohort that is more like the population of the  RCTs6. Under the assumption that the mechanism 
for selection for concurrent treatment and the mechanism for selection for inclusion in the RCT are similar, the 
population was restricted to those with a predicted probability of concurrent treatment higher than several differ-
ent cut-offs (0%, 25%, 50%, 75%). When restricting the analysis to patients with a higher predicted probability of 
concurrent treatment to approximate the RCT population, the estimated treatment effect shifted towards concur-
rent chemoradiation being more effective (hazard ratio 1.01 for predicted probability > 0%, N = 504; hazard ratio, 
1.00 for > 25%, N = 359; hazard ratio 0.98 for > 50%, N = 193; hazard ratio 0.95 for > 75%, N = 55). The treatment 
effect moves in the direction of the RCT estimate but the estimated survival benefit of concurrent treatment is 
still smaller. It may be that the method used to match our population with the RCT population was too crude.

Figure 5.  Predicted individual treatment effects for all 504 included patients. Each patient is represented 
by a horizontal line indicating the 95% credible interval of the predicted hazard ratio for overall survival of 
concurrent chemoradiation versus sequential chemoradiation, and the point estimate. Colors are added to 
indicate the actually received treatment. The reference line indicates the null effect: both treatments are equally 
effective.
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Discussion
We present PROTECT, a method that uses proxy measurements of unobserved confounders to estimate treatment 
effects from observational data. PROTECT addresses a pervasive problem in observational cancer research: the 
lack of a direct measurement of the confounder overall fitness. When applied to stage III NSCLC, the results 
indicate that on average the reported benefit of concurrent over sequential chemoradiation for overall survival 
may be absent in a real-world population with more patients in lower overall fitness. In our cohort just over half 
of the patients were treated with sequential chemoradiation, which would imply that in approximately half of the 
patients the treating physician was confident that concurrent treatment would be beneficial. This statistic fits in 
with the absence of an average treatment effect. Whereas conventional confounding adjustment methods find 
a more extreme treatment effect than reported in RCTs, the results from PROTECT are in line with the recom-
mendations from guidelines that patients with lower overall fitness are less likely to benefit from concurrent 
treatment. This positive association between overall fitness and treatment effect could be due to a higher risk 
of treatment discontinuation among patients with lower overall fitness when they are assigned the concurrent 
chemoradiation treatment regimen. Even though the model was not directly optimized to predict discontinua-
tion of treatment, patients for whom the model estimated lower fitness where indeed more likely to discontinue 
treatment if they were assigned to concurrent treatment. In contrast, the meta-analysis by Aupérin et al. did not 
find a statistically significant treatment effect modification by age or ECOG performance  score6. This could be 
due to the patient inclusion mechanism. All included patients were deemed fit enough for concurrent treatment. 
This means that older patients included in the RCTs are likely to have been relatively fit for their age. The same 
principle holds for performance score. If the treatment effect is indeed modified by overall fitness as our results 
and treatment guidelines suggest, it could be that the variation in fitness is too low in the RCT population to 
detect the treatment effect modification.

As this is a non-randomized study it is impossible to rule out confounding bias. Several steps were taken 
to mitigate potential confounding bias. First, we identified potential confounders from literature and domain 
expertise. We then applied a data-driven model selection procedure that rejects models that do not conform 
with the confounding structure implicated by the DAG. Lastly, a sensitivity analysis with an independent omitted 
confounder showed that the results are robust to unobserved confounders of reasonable strength.

Due to the moderate study sample size, our study does not attain high precision in treatment effect estimation. 
To address this, future studies should be based on data from larger consortia. Furthermore, the discriminatory 
power of our model for overall survival was low. This could be due to the omission of other important prognostic 
biomarkers in the analysis, or due to the intrinsic randomness in overall survival time for cancer patients. Our 
concordance index is in line with a recent meta-analysis of prognostic models for NSCLC patients treated with 
curative  radiotherapy25.

Most of our patients were treated before approval of durvalumab for stage III NSCLC in the Netherlands. As 
treatment with durvalumab is contingent on successfully completing the chemotherapy and radiotherapy, the 
presented model is still of use as the predictions are correlated with successful completion of the treatment regi-
men. Since durvalumab improves overall  survival26, successfully completing the treatment may become relatively 
more important than whether the initial treatment was concurrent or sequential chemoradiation.

RCTs remain crucial for treatment effect estimation for cancer patients as they do not suffer from confound-
ing bias. Still there are several situations where treatment effect estimates from observational data are desirable. 
When parts of the real-world population are not covered by the RCTs for a certain treatment but observational 
data is available, PROTECT can be used to estimate the treatment effect in these subpopulations. Furthermore, 
as the method can estimate both average treatment effects and individual treatment effects, PROTECT can 
be used for studies on biomarkers of treatment efficacy. When new biomarkers become available that were 
not measured in RCTs, the treatment effect modification of this biomarker can be studied in an observational 
cohort using PROTECT. In both applications, the resulting estimates may indicate that a new RCT is warranted 
in specific subpopulations. In this way, observational studies may supplement evidence from RCTs. Conversely, 
RCTs provide a point of reference for observational studies.

To facilitate future applications of PROTECT, a three-step overview of PROTECT is presented in Table 2. 
In the appendix (section “Discussion”) we present two examples where PROTECT could be applied, one in 
unresectable laryngeal carcinoma and one in stage III squamous cell esophageal cancer. In each application 
there may be additional confounders to consider. However, the core of the PROTECT DAG will be applicable 
to many different cancer types.

In conclusion we present PROTECT, a method for individual treatment effect estimation for cancer patients 
in the presence of unobserved confounders using proxy measurements. When applied to a real-world stage III 
NSCLC cohort, PROTECT provided credible treatment effect estimates whereas conventional confounding 
adjustment methods did not.

Materials and methods
Study design. Data source. We conducted a retrospective observational cohort study at the Department 
of Radiotherapy of the University Medical Center Utrecht, the Netherlands. Patients were referred to the Utrecht 
center for radiotherapy from the thoracic oncology departments of 9 different hospitals in the Utrecht region in 
the Netherlands. This study was conducted in accordance with the applicable privacy regulations. As this was 
a non-experimental retrospective study and most of the patients had died, a waiver for informed consent was 
obtained from the institutional review board at the University Medical Center Utrecht, along with approval of 
the study protocol (protocol number WAG/dgv/18/005984). All the methods were performed in accordance 
with the Declaration of Helsinki.
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Cohort selection. Patients referred to our center for the consideration of curative (chemo) radiotherapy as a 
primary therapy for a first episode of clinical stage III NSCLC between November 2009 and December 2018 
were retrospectively identified. Patients had been staged according to the American Joint Committee on Cancer 
Tumor-Node-Metastasis (TNM) staging protocol. We maintained the TNM version that was clinically used at 
the time of treatment, spanning versions  six27,  seven28 and  eight29. We excluded patients who were eligible for 
primary surgery or who were treated with palliative intent. Other exclusion criteria were a concurrent other 
tumor (including a second NSCLC), a prior diagnosis of stage III NSCLC, receiving radiotherapy before chemo-
therapy to prevent spinal canal invasion, having a Pancoast tumor, receiving radiotherapy at another institution 
or emigration during follow-up. Patients who were seen at the radiotherapy outpatient clinic but for some reason 
did not receive radiotherapy were not excluded from the analysis as they are part of the target population for the 
individual treatment effect model.

Definition of intervention and outcome. Clinical variables were extracted from the electronic health records 
(EHR) which includes referral letters for patients from other hospitals that were referred to our hospital for 
radiotherapy. Concurrent chemoradiation was defined as a combination of chemotherapy and radiotherapy with 
time overlap between the treatments, whereas for sequential chemoradiation the start of radiotherapy was sub-
sequent to administration of the last chemotherapy cycle. For both treatments, the planned radiotherapy had 
to consist of a definitive physical dose of 54 Gray or  higher30. Chemotherapy consisted of two to four cycles of 
platinum-based chemotherapy (cisplatin or carboplatin, with etoposide, gemcitabine or pemetrexed). As this is a 
multi-institutional non-experimental study, chemotherapy regimens varied. The goal of an individual treatment 
effect model is to influence future treatment decisions. Therefore, the intervention under study was concurrent 
versus sequential chemoradiation according to the initial treatment decision. This choice is in line with the gen-
eral preference for intention-to-treat analyses in  RCTs31.

The start of follow-up was defined as the date of the last multi-disciplinary tumor board meeting preceding 
the start of treatment, as this is generally the moment the treatment decision is made. Specific care was taken to 
record the values of variables as they were known at this time point. The outcome was overall survival measured 
on a continuous time scale. If no date of death was noted in the EHR, data for overall survival was supplemented 
by querying the Dutch Personal Records Database.

Statistical analysis. Covariates. The set of variables for the analysis consisted of age, histology (grouped 
as adenocarcinoma, squamous cell carcinoma, or other), the presence of any weight loss (defined as > 3% of 
original weight in the 6 months leading up to the treatment decision), performance status 0 versus 1 or higher, 
defined by the ECOG  standard32, eGFR higher or lower than 60 ml/min/1.73  m2 and TNM stage IIIA vs IIIB or 
IIIC.

Missing data handling. Variables with less than 5% missing values were imputed using mean imputation for 
continuous variables or a fixed value of 0.5 for binary variables. When the date of the tumor board was unknown 
this date was imputed based on the date of treatment start with mean imputation per treatment category. Missing 
values in proxy variables of fitness are assumed to be missing at random conditionally on the observed variables. 
Further, we assumed that the missingness of weight loss was dependent on the presence of weight loss. For this 
specific missingness pattern, complete case analysis is unbiased, while imputation may lead to  bias24. Therefore, 
we excluded patients with a missing value of weight loss. In the appendix (section methods, missing data) we 
elaborate on this assumption further and present a sensitivity analysis regarding the missingness in weight loss 
(section “Sensitivity analyses”).

Table 2.  Overview of the PROTECT method for developing individual treatment effect models from 
observational cancer cohorts. Notes per step: 1. The causal Directed Acyclic Graph (DAG) describes the causal 
relationships between variables involved in the treatment decisions and outcomes. See Fig. 1 for the behavior-
fitness DAG scaffold for observational cancer research. To apply PROTECT, researchers need to specify the 
definitions of treatment, potential additional proxies and causes of tumor behavior and patient fitness, and 
possibly the outcome. Potential additional application-specific sources of confounding or selection bias must 
be added as well. 2. These choices should be based on background knowledge. Specific care should be taken 
to check whether these distributions are uniquely identified. This depends on both the number of proxies of 
fitness (more is better) and the flexibility of the statistical models. 3. As multiple choices can be made in step 
2, applying the PROTECT model selection criteria will reduce the dependence of treatment effect estimates 
on parameterization choices. Models that do not conform to the confounding structure in the DAG will be 
rejected. DAG causal directed acyclic graph, PROTECT proxy based individual treatment effect modeling in 
cancer.

Step 1 Specify proxies and causes in the behavior-fitness DAG scaffold

Step 2 Specify parametric distributions for observed and unobserved variables

Step 3 Apply PROTECT model selection criteria



10

Vol:.(1234567890)

Scientific Reports |         (2022) 12:5848  | https://doi.org/10.1038/s41598-022-09775-9

www.nature.com/scientificreports/

Model evaluation. The treatment effect estimates from PROTECT were contrasted with the baseline approach 
of including the observed variables in a multivariable Cox-proportional hazards model and an inverse propen-
sity score weighted Cox-proportional hazards model. Estimated treatment effects were compared with the refer-
ence value from the meta-analysis by Aupérin6. As described in the appendix (section methods, pre-processing, 
parametric models and priors) the model includes a non-linear component. Therefore, potential treatment effect 
modification for a variable was inspected using partial dependence  functions23.

Model fit for overall survival was assessed using Harrell’s concordance  index33. Model fit for the treatment 
choice was assessed with the AUC.

Posterior samples were simulated using 16 independently initialized MCMC chains with 7500 samples each, 
following 2500 warm-up samples. The mixing of chains was inspected with the Gelman-Rubin r-hat  statistic34 
and the presence of multiple posterior modes was checked visually from posterior density plots.

As an additional model evaluation, we estimated the association between the estimated fitness based on 
pre-treatment variables and the occurrence of a negative treatment switch anywhere during the treatment. A 
negative treatment switch was defined as any reduction in treatment intensity compared to the original treat-
ment intention, occurring after the first day of treatment. This included a reduction in chemotherapy dose, 
fewer chemotherapy cycles, a switch from concurrent to sequential chemoradiation, a lower radiotherapy dose 
or complete cessation of treatment.

Sensitivity analyses. We tested the robustness of the average treatment effect estimate to a hypothetical 
omitted confounder. This was done by re-estimating the model with an additional unobserved variable with 
several hypothetical relationships with the treatment and the outcome. Finally, we calculated what the estimated 
average treatment effect would be when restricting the analysis to a subsample of the cohort that is more like 
the population of the  RCTs6. Under the assumption that the mechanism for selection for concurrent treatment 
and the mechanism for selection for inclusion in the RCT are similar, the population was restricted to those 
with a predicted probability of concurrent treatment higher than several different cut-offs (0%, 25%, 50%, 75%). 
Details on the justification and implementation of these sensitivity analyses are presented in the appendix (sec-
tion “Sensitivity analyses”).

Implementation. NumPyro version 0.4.1 and JAX version 0.2.7 were used for model estimation. R version 
4.0.3 was used for model evaluations.

Reporting. For reporting, we adhered to the STROBE reporting guidelines for observational  research35. A 
completed form is available in the supplemental material S1.

Data availability
Due to local privacy regulations, the original patient data cannot be shared. The code that implements the 
statistical models and model selection procedure will be made publicly available at https:// www. github. com/ 
vanam sterd am/ prote ct.
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